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TABLE I
CIRS FOR THE 3-USER 4-ANTENNA 16-QAM MIMO SYSTEM.
cp,q q = 1 q = 2 q = 3
p = 1 −0.424 + j0.339 −0.095 − j0.191 −0.516 + j0.664
+0.594 + j0.509 +0.667 + j0.572 +0.442 + j0.295
+0.255 − j0.170 +0.381 + j0.191 −0.074 + j0.074
p = 2 +0.432 − j0.346 −0.223 + j0.372 −0.419 + j0.559
−0.691 − j0.259 −0.520 − j0.669 −0.419 − j0.489
+0.173 + j0.346 +0.074 + j0.297 −0.279 − j0.140
p = 3 +0.306 − j0.306 −0.093 − j0.186 +0.253 − j0.421
−0.535 − j0.612 +0.650 + j0.557 +0.758 + j0.084
+0.382 + j0.077 +0.464 + j0.093 +0.337 − j0.253
p = 4 +0.385 + j0.385 −0.479 − j0.319 −0.505 − j0.505
+0.462 − j0.692 +0.718 − j0.319 +0.674 + j0.000
−0.077 − j0.077 +0.160 + j0.160 +0.168 + j0.084
with
ZN =
2i X
r=2i−1
2l X
m=2l−1
e
−
|yq(k)−sr,m|2
2ρ . (29)
This GN-SDD algorithm reduces to the SG-SDD algorithm of
[25], [26] by replacing P(k) with an identity matrix. Note that
µSDD of the GN-SDD can be set to a much larger value than
the step size of the SG-SDD, and the performance of the GN-
SDD algorithm is insensitive to the cluster width ρ, deﬁned
in the context of the local PDF (26). It is also clear that this
GN-CMA+SDD algorithm has a complexity similar to that of
the RLS algorithm, while the SG-CMA+SDD algorithm has a
complexity similar to that of the LMS algorithm.
IV. SIMULATION STUDY
The system used in our simulation supported Q = 3 users
with P = 4 receive antennas, and the modulation scheme
was 16-QAM. The P · Q = 12 CIRs cp,q, 1 ≤ p ≤ 4 and
1 ≤ q ≤ 3, are listed in Table I, each CIR having nC = 3 taps.
The STE’s temporal ﬁlter order was chosen as D = 7. The
optimal decision delays were found to be τ1 = 5 for user one,
τ2 = 4 for user two and τ3 = 3 for user three. These decision
delays were used in our simulation. The average SER over
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Fig. 4. Comparsion of the average symbol error rate performance for the
training-based LS, semi-blind GN-CMA+SDD, and optimal MMSE STEs.
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Fig. 5. Convergence performance of the SG-CMA+SDD, GN-CMA+SDD
and training-based RLS STEs in terms of the average maximum distortion,
given SNR of 19 dB and averaged over ten runs.
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Fig. 6. Convergence performance of the SG-CMA+SDD, GN-CMA+SDD
and training-based RLS STEs in terms of the average mean square error, given
SNR of 19 dB and averaged over ten runs.
all the Q = 3 optimal MMSE STEs, depicted in Fig. 4, was
used as the benchmark performance. The LS training-based
STEs were also tested. Given the training data {XK,¯ sK,q},
the LS estimate of the STE weight vector was provided by
(20), and the average SER performance of the two LS training-
based STEs were also depicted in Fig. 4, given K = 34 and
300, respectively. It can be seen that K = 34 was insufﬁcient
for the LS training based STEs to achieve an adequate SER
performance and at least K = 300 training symbols were
required by the STEs to approximate the optimal MMSE STE
solutions.
The proposed semi-blind STE was next investigated. Given
a SNR value, K = 34 training pilots were ﬁrst used to
provide the initial weight vector of the STE according to
(20). The GN-CMA+SDD blind algorithm then adapted the
STE. The convergence performance of the proposed GN-
CMA+SDD algorithm was investigated, in comparison with
the SG-CMA+SDD algorithm of [24]. For all the three blind
SG-CMA+SDD STEs, µCMA = 0.00001, µSDD = 0.0002 and
ρ = 0.1 were chosen, while µCMA = 0.01, µSDD = 0.95 and
ρ = 0.1 were used for all the three blind GN-CMA+SDD
STEs. These parameters were found empirically to yield thebest performance in terms of convergence speed and steady-
state misadjustment. Note that the step size values of the GN-
CMA+SDD based semi-blind STEs were much larger than
their counterparts for the SG-CMA+SDD based semi-blind
STEs, and the GN-CMA+SDD adaptive algorithm was also
seen to be insensitive to the value of ρ. Figs. 5 and 6 plot the
learning curves of the GN-CMA+SDD adaptive algorithm for
the three users obtained by averaging over ten different runs,
in terms of the average MSE JAMSE(W(k)) and the average
MD meaure JAMD(W(k)), respectively, in comparison with
those obtained by the SG-CMA+SDD based STEs as well
as the results obtained by the training-based RLS STEs. As
expected, under a highly dispersive MIMO environment, the
SG-CMA+SDD algorithm converged very slowly and was
incapable of approaching the optimal MMSE STE solution
due to an excessively high steady-state misadjustment. By
contrast, the proposed GN-CMA+SDD algorithm was capable
of converging fast and accurately to the optimal MMSE STE
solution. Next, given a range of SNR values, the average SER
performance of the three GN-CMA+SDD based semi-blind
STEs after adaptation of 1000 samples, were plotted in Fig. 4,
in comparion with those of the optimal MMSE STEs and the
LS training-based STEs.
V. CONCLUSIONS
A semi-blind STE scheme has been proposed for fre-
quency selective MIMO systems that employ high throughput
QAM signalling. A minimum number of training symbols,
approximately equal to the dimension of the STE, is used
to provide a rough LS estimate of the STE’s weight vector
for the initialisation. A novel GN-CMA+SDD blind adaptive
scheme then adjusts the STE. The proposed semi-blind STE
scheme has a complexity similar to that of the training-
based RLS algorithm, and it is capable of converging fast
and accurately to the optimal MMSE STE solution calculated
based on the perfect channel knowledge. Our simulation study
has conﬁrmed that this semi-blind GN-CMA+SDD algorithm
has a convergence speed very close to the training-based RLS
algorithm under the highly dispersive MIMO environment.
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